Furthermore, the stringent power constraints, place-and-play type connectivity and various data rate requirements of MTC devices make it impossible for the traditional cellular architecture to accommodate MTC and HTC services together. Massive multiple-input-multiple-output (mMIMO) technology has the potential to allow the coexistence of HTC and MTC services, thanks to its inherent spatial multiplexing properties and low transmission power requirements. In this work, we first tackle the optimal nonorthogonal pilot design problem and demonstrate that the optimal pilot sequences are Welch bound equality sequences. In the second part, we investigate the performance of a single cell under a shared physical channel assumption for MTC and HTC services and propose a novel scheme for sharing the time-frequency resources. The analysis reveals that mMIMO can significantly enhance the performance of such a setup and allow the inclusion of MTC services into the cellular networks without requiring additional resources.
users [13] . The mMIMO technology has been shown to enhance the performance of cellular networks in terms of spectral efficiency for broadband HTC setups and device detection in MTC setups [6] , [14] , [15] . However, to the best of authors' knowledge, this is the first work which considers the coexistence of HTC and MTC devices in a mMIMO setup and analyze their joint spectral efficiency and show that mMIMO enabled cellular networks can handle MTC along with HTC without requiring additional resources.
A. Main Contributions
In this work, we first address the non-orthogonal pilot sequence design problem and demonstrate that the optimal pilot sequences are Welch bound equality (WBE) sequences. Furthermore, we investigate the performance, in terms of spectral efficiency, of a mMIMO network that concurrently serves devices that utilize HTC and MTC. Different schemes for allocating timefrequency resources between MTC and HTC devices are proposed and compared. A novel resource allocation scheme is proposed and compared with the orthogonal and non-orthogonal resource allocation schemes. In particular, we answer the following questions:
• What is the optimal pilot design for MTC with massive number of devices?
• How will the existing cellular networks be affected by the dense MTC deployments?
• Can the challenges to accommodate MTC services over cellular networks be handled by the mMIMO technology?
• Does the mMIMO technology enable the use of non-orthogonal resources for MTC and HTC services thanks to its inherent utilization of spatial multiplexing? This paper goes beyond the conference version given in [1] which does not consider pilot design problem and only considers resource allocation schemes with random pilot assignment.
II. SYSTEM SETUP
We consider the uplink of a single-cell mMIMO system where a BS with M antennas is serving K single-antenna devices. An example setup is illustrated in Fig. 1 . There are two types of devices based on the communication they require. Among these devices K m of them, referred to as machines, require machine-type communication and the remaining K h = K − K m devices, referred to as humans, generate human-type traffic. Humans are assumed to be smaller in numbers and require higher data rates compared to machines. The time-frequency resources are divided into coherence intervals (CI), such that each channel is constant and frequency-flat in each interval [13] . In each CI, the channels take independent realizations from stationary ergodic processes. In the massive MIMO context, a CI consists of the following phases: uplink training, uplink data transmission. The downlink data transmission can either take place in the same CI (as in time-division duplex) or in other dedicated CIs (as in frequency-division duplex). In this paper, we focus on the uplink training and uplink data transmission, while the downlink data transmission analysis is left as future work. Each CI has length N (in samples) and a fraction of these samples are reserved for training whereas the remaining ones are utilized for uplink data transmission. The allocation of samples varies among the schemes considered and the details are provided in Section II-A.
Non-line-of-sight communication is assumed and the channel between device k and the BS is modeled as
where β k is the large-scale fading and h k is the small-scale fading. Each element of h k is modeled as i.i.d. CN(0, 1). The large-scale fading coefficients are assumed to be identical across antennas and known at the BS as they usually change very slowly which makes it possible to acquire accurate estimates. However, the small-scale fading coefficients change independently between CIs and are to be estimated in each CI via uplink training.
A. CI Allocation Schemes
We consider three training and data transmission schemes.
• Scheme 1: Humans and machines utilize different CIs. the fraction of CIs allocated to humans, and machines in Scheme 1, respectively. In other schemes, both humans and machines utilize same CIs.
• Scheme 2: All devices use the same training interval and data transmission interval in every CI.
• Scheme 3: Machines are not allowed to transmit during the training period of humans, which reduces the human's pilot length. After the training of humans, machines transmit their pilot sequences followed by data transmission. Fig. 2 illustrates the CI structures for the three schemes. Scheme 1 is an orthogonal allocation scheme in the sense that it allocates different CIs to humans and machines. Scheme 2 and 3 are non-orthogonal schemes where both machines and humans utilize the same CIs. In Scheme 3,
we propose a novel approach by utilizing the training period of machines for data transmission of humans, which effectively reduces the pilot overhead for humans.
III. CHANNEL ESTIMATION AND PILOT DESIGN
In conventional mMIMO setups, all K devices concurrently transmit their pilot sequences and BS estimates the channels based on the received signal. The estimates acquired via this process, referred as uplink training, are utilized to design combining vectors for uplink data transmission (and precoding vectors for downlink data transmission).
The pilot sequences are generally assumed to be mutually orthogonal for users within a cell.
These assumptions on pilot sequences are not realistic for some scenarios in future wireless networks, such as massive MTC with a large number of devices, since it requires many pilots and cumbersome access procedures for pilot assignment [6] . Moreover, constraints on the uplink power budget and excessive overhead signaling compel the use of non-orthogonal pilots for MTC [2] , [16] .
In this work, it is assumed that the humans require higher data rates and are smaller in numbers compared to machines, i.e., K h < K m . As a result, the humans have the privilege to orthogonal pilots, whereas it is not possible to assign orthogonal pilot to machines due to the large number of machines. Moreover, machines are assumed to be low-powered, and low complexity devices which require lower rates. Hence, allocating orthogonal resources to machines requires excessive overhead signaling 1 .
Let N p ϕ k ∈ C Np×1 denote the N p -length pilot signal for the kth device with ϕ k 2 = 1. It is assumed that humans are always allocated orthogonal pilots. Hence,
with SC-2 and
with SC-1 and SC-3.
For machines, non-orthogonal pilots are utilized and we investigate the problem of designing optimal non-orthogonal sequences in terms of channel estimation error. In SC-1 and SC-2, the active devices concurrently transmit their pilot sequences and the composite received signal at the BS is
in SC-1. Here, Z ∈ C M ×Np is the noise matrix with i.i.d. CN(0, σ 2 ) elements and q k ′ denotes the transmission power of pilot symbols for user k ′ . The set of active devices K 1 is either equal to K m or K h , i.e., the set of machines or humans. In SC-2 the received signal at the BS is
In SC-3, the humans transmit data while machines are training and the composite received signal at the BS during the training of machines is
where x k = √ p k s k and each element of s k is a unit power symbol to be conveyed by device k.
In this work, our focus is on the design of optimal non-orthogonal pilot sequences and we leave the joint pilot and data transmit power control problem as future work. Under this assumption, the first term in (6) can be treated as additive (but not Gaussian) noise. This allows us focus on the training of machines with non-orthogonal pilots and to generalize (4), (5) , and (6) as
where the set of active devices depends on the scheme.
In order to estimate the channel of device k ∈ K m , the BS performs a de-spreading operation on the received signal:
where z ′ =Zϕ k has i.i.d. CN(0, σ 2 ) elements, since ϕ k 2 = 1, for SC-1 and SC-2. For SC-3, z ′ has i.i.d. elements, however it is not necessarily Gaussian. Then, the BS either utilizes the least squares (LS) estimator or linear minimum mean-square error (LMMSE) estimator to obtain the channel estimateĥ k . The LS estimate for device k is,
The estimation error for device k is
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The mean square of the mth element ofh LS k with respect to the small-scale fading coefficients, h and noise, z, is given by
Remark 1: The expectation in (12) can also be taken with respect to the pilot sequences which allows us to consider random schemes such as the ones presented in [1] , [6] where each device chooses one of the N p orthogonal pilot sequences randomly. In these cases, the mean square of the mth element ofh k with respect to the small-scale fading coefficients, h, noise, z and the set of pilot sequences, φ, is given by
These random pilot allocation approaches have desirable advantages for massive MTC setups such as being simple and not requiring any coordination between devices. However, these approaches, as we will demonstrate later, are strictly suboptimal in terms of channel estimation performance.
Next, we consider the LMMSE estimator which is widely used in the massive MIMO context [13] . The channel estimate given by the LMMSE estimator based on (8) is as follows:
The LMMSE estimateĥ LMMSE k has M i.i.d. elements and the mean-square of the mth component
9 where E h,z denotes the expectation with respect to mth component of h and z. Leth
− h k denote the channel estimation error of device k and the mean-square estimation error of the mth component is given by
For the cases where humans transmit data during machines training (SC-3), the LMMSE estimator is no longer the true MMSE estimator, however, the succeeding analysis is still valid for all the schemes considered.
We consider the problem of min-max estimation error optimization and aim to find the optimal pilot sequences for machines which provide the min-max solution
where the minimization is with respect to the pilot transmission powers,
and pilot sequences, φ. First, we investigate the case without any power constraints, i.e., each element of q is only assumed to be non-negative. The case with power constraints is analyzed in Section III-B. The set of pilot sequences considered, φ contains vectors of the form N p ϕ k with, where
First note that, e * is achieved when e 1 = e 2 = . . . = e K which can be proved as follows.
Suppose e * can only be achieved when devices have different e k 's and consider a case where e 1 < e 2 = . . . , = e K = e * for a given pilot sequence. Then, by reducing the transmit power, q 1 , of device 1, it is possible to obtain a smaller or equal error for other devices which results in e * = e 1 = e 2 = . . . = e K . This contradicts the initial assumption that e * can only be achieved when devices have different channel estimation errors.
Consider the least-squares estimator error given by (12) which can be rewritten in vector notation as
where
and
with µ j = β j q j for all j ∈ K m . e is the squared error aimed for each device and the normalized noise vector is
where 1 is the all ones vector. Re-writing (21) as
whereΦ = Φ + I andη = η/(1 + e), the minimum power solution for a given e is
and there exist a positive µ such that the mean square channel estimation error is e for each device if and only if the spectral radius ofΦ, denoted by ρ(Φ), is less than 1 + e [18] . Note that, it is assumed that there are no constraint on pilot transmit powers to make the problem tractable (Similar result may be obtained by assuming the thermal noise is negligible) and the investigation under a setup with power constraints is presented in Section III-B. Based on (26), the following can be stated.
Lemma 1:
The min-max total squared channel estimation error, e * is obtained when ρ(Φ) is minimized with respect to ϕ 1 , . . . , ϕ K .
An important observation is that e * is independent of the pilot transmission powers and only depends on the expected correlation between the pilot sequences. Next, we investigate the minimum spectral radius ofΦ.
Φ is a non-negative matrix by definition and hence ρ(Φ) is an eigenvalue ofΦ [19, Theorem
Furthermore, it is a symmetric matrix and a bound on its spectral radius is given by the following lemma.
where d j is the jth row sum of A and the equality is achieved when A has equal row and column sums.
Using the Jensen's inequality, Lemma 2 can be extended as follows
with equality if and only if
Using the bounds given in (27) and (28) onΦ, we obtain
where the last inequality follows from the Welch bound [21] , defined in Appendix A. Any set of vectors satisfying Welch bound is known as Welch bound equality sequences (WBE).
Furthermore, any WBE sequence, ϕ 1 , . . . , ϕ Km in C Np , has the following property [22] 
Hence, WBE sequences satisfy the inequalities in (29) with equality and provides the minimum
Based on Lemma 1, it can be concluded that WBE sequences minimizes the min-max total squared channel estimation error for the LS estimator. Furthermore, a similar analysis based on (16) reveals that WBE sequences also minimize the min-max total squared channel estimation error for random pilot allocation schemes with the LS estimator.
Similarly, the mean square error for the LMMSE estimator given by (19) can be rewritten in vector notation as follows
and the minimum power solution is
Similar to the LS case, there exist a positive µ such that the mean square channel estimation error is e for each device if and only if ρ(Φ), is less than 1/ (1 − e) [18] . The rest of the analysis follows the same steps given in LS case and is therefore omitted. A crucial difference with the MMSE estimator case is that only deterministic pilot allocation schemes are considered, i.e.,
Hence, the performance of random allocation schemes with MMSE estimator are investigated numerically.
The analysis provided above allows us to state the following result regarding the optimal pilot sequences. The design of WBE codes is fairly straightforward and extensively investigated in the literature [23] . An example of a structured WBE codebook is given in [24] , which utilizes normalized N p distinct rows of a K m × K m FFT matrix. The pilot sequence for device k is
. . .
where u = u 1 , . . . , u Np T is a vector consisting of N p parameters is to be selected. A simple choice of u i = i for all i = 1, . . . , N p provides a set of WBE sequences without any consideration of min-max correlation. Hence, assuming that the set of active devices is known, each device can generate its pilot sequence using (33).
A. MMSE vs LS
Next we compare the performance of the two estimation techniques under a setup where WBE sequences are utilized as pilots. Based on the analysis above, we can state the following.
Lemma 3: Consider a system with K m users and N p -length WBE pilot sequences used for uplink training. Then, the achievable min-max channel estimation error, e LMMSE , with the LMMSE estimator is bounded as
and the error, e LS , with the LS estimator is bounded as
for
Proof: Recall that it is possible to achieve the mean square channel estimation error, e, for each device if and only if ρ(Φ), is less than 1/ (1 − e) with the LMMSE estimator. Then, we have
The lower bound for e LMMSE is achieved when ρ(Φ) is minimized and the minimum ρ(Φ) = K m /N p , which is given in (29). Hence, the minimum e LMMSE given by (34) is achieved when
Similarly, for the LS estimator case, we have
Using, the minimum ρ(Φ) = K m /N p , (35) can be obtained which concludes the proof.
The bounds given by Lemma 3 provides a performance limits for WBE sequences. The bounds can only be achieved as SNR → ∞. In Fig. 3 , the normalized mean squared error (NMSE) of channel estimates, E{ h k −ĥ k 2 }/M, for WBE sequences and RPA scheme is depicted with LMMSE and LS estimators. In this particular example, the pilot sequence length is N p = 10
and K m = 20. As expected, the LMMSE estimator provides better performance than the LS estimator for both pilot sequences. An interesting result is that the RPA scheme performs close to the optimal WBE sequences with LMMSE, especially at higher SNRs which suggests it might be a good allocation scheme for massive MTC where ability to operate without coordination is a desirable property. However, results presented based on channel estimation errors for a particular case should not be used to draw general conclusions. 
B. Optimal Transmit Powers
The analysis provided so far demonstrates that the optimal pilot sequences are WBE sequences, however WBE sequences are not unique for a given N p and K m . Next, we consider the transmit powers required for WBE sequences and state the following.
Lemma 4:
Consider a system with a set of N p -length WBE sequence utilized for training where K m ≥ N p and let q * denote the minimum power required for a given e. Then, any WBE sequence can provide the same e with identical q * .
Proof: Consider two different the power vectors q * 1 and q * 2 for two WBE sequences which provides the same e. The minimum power vectors are given by (26) :
Even though,Φ 1 andΦ 2 are not necessarily identical, their row and column sums are identical.
Hence, the inverse I − 
with the LS estimator and
with the LMMSE estimator. Equations (42) and (43) shows that the transmission powers depend on the pilot length, number of users, target channel estimation error and large-scale fading coefficients. Since, N p , K m and e are identical for each user, the difference between the transmission powers are due to β k 's. In a practical system with power constraints, if a user is not able to provide the required power, then either, N p must be increased or the system should be adjusted for a higher e.
C. Pilot Transmission Power Control
In this part, we investigate the pilot transmission power control problem for both humans and machines 2 . It is assumed that humans transmit with maximum power during uplink training, which is reasonable since they are allocated orthogonal pilots and there is no incentive to utilize any power level below the maximum. However, this is not the case for the machines. 2 We leave the joint pilot and data transmit power control problem as future work and assume that power control during uplink training and data transmission are disjoint problems.
In order to determine a realistic power control strategy for MTC, different constraints (based on the MTC scenario) must be considered. For example, in ultra-reliable MTC (uMTC) which requires reliable communication with low latency, elaborate power control schemes may be employed whereas simple power control strategies are suitable for MTC scenarios with lowcomplexity, low-power devices. Especially, for the mMTC uplink, complex power control approaches based on small-scale fading coefficients are not practical as accurate channel state information can only be acquired by allocating additional resources. Furthermore, mMTC devices usually require low bit-rates and transmit small packages which makes elaborate power control techniques redundant for these low-complexity devices.
The results of (42) and (43) suggests that the transmit power of machines should scale inversely proportional to their large-scale fading coefficients. Therefore, we employ statistical channel inversion (SCI) power control for machines during training. SCI is a power control technique that only relies on the large-scale fading and helps to combat the near-far effect [25] . Such an approach especially benefits devices with weaker channel gains. In SCI, the devices adjust their powers as follows:
where β min represents the large-scale fading coefficient of a device at cell edge and q max ul denotes the maximum transmission power. With SCI, each device's transmission power scale inversely proportionally with respect to their large-scale coefficients during uplink training.
IV. ACHIEVABLE RATE ANALYSIS
In this section, the achievable rates of the three schemes illustrated in Fig. 2 are investigated.
Each scheme has an uplink training phase followed by data transmission. Although we consider the case where the channel estimates are acquired via LMMSE estimator, the extension to LS estimators or other alternative estimators is straight-forward.
A. Analysis of Scheme 1
In Scheme 1 (SC-1), humans and machines utilize different CIs which prevents any interference between them. The active devices concurrently transmit their pilot sequences and the channel estimates of active devices are acquired. In SC-1 either humans or machines are active i.e.,
Let s k denote the unit power symbol to be conveyed by device k. Then, device k transmits
where p k is the data transmit power of device k. In order to detect the data symbols of the kth device, the BS employs the maximum ratio combining (MRC) with the combining
to compute the inner product with the received signal,
Based on (47), the achievable rate of device k is given by
where the effective SINR term in (48) is given by [26] 
Here, N 
Lemma 5:
The achievable rate of device k under Scheme 1 is
where Γ k is the effective SINR for device k and is given by
where K k m = K m \{k} and
Proof: See Appendix B.
Note that in (52), the effective SINR with random pilot allocations is also considered as the expectation can be taken with respect to pilot sequences. There is no interference between humans and machines since they are served orthogonally. Furthermore, since humans are assigned orthogonal pilots, there is no pilot contamination and therefore, no coherent interference, i.e.,
interference that scales with the number of antennas, between humans. However, there is coherent interference between machines as a result of non-orthogonal pilots.
B. Analysis of Scheme 2
In SC-2, each device uses N p symbols for training and N − N p symbols for data. To find the corresponding rate of device k, we utilize the bounding techniques given in [13] and state the following:
Lemma 6: The achievable rate of device k under Scheme 2 is
Proof: See Appendix C.
The effective SINRs given by (54) reveals that as long as orthogonal pilots are assigned to humans, the integration of machines into an existing network does not create coherent interference to the humans. Hence, as M grows, the effect of the additional interference originating from machines vanishes. However, this is not the case for machines as they suffer coherent interference due to the use of non-orthogonal pilots. Notice that the intra-class coherent interference also depends on the choice of pilot sequences.
C. Analysis of Scheme 3
In SC-3, the machines are silent during the training of humans and send their pilot sequences while humans are transmitting data. This scheme favors humans in the sense that, they start transmitting data immediately after training without considering the training of machines. The LMMSE channel estimate for machines iŝ
which is not the MMSE estimator since
is not Gaussian due the first term as x k = √ p k s k , where each element of s k is a unit power symbol to be conveyed by device k. Notice that the human's data symbols transmitted during machine training phase, introduce coherent interference from humans to machines and deteriorate their channel estimation quality.
Lemma 7:
The achievable rate of device k ∈ K m under Scheme 3 is
where Γ k is given by
For humans, k ∈ K h , the achievable rate under SC-3 is given by
Proof: See Appendix D.
In SC-3, humans start data transmission after training without waiting for the training of machines to finish. Hence, the number of available data symbols for humans is higher in SC-3 which comes at a cost of causing coherent interference to the machines. This also results in two different terms in (60), which corresponds to different achievable rates by humans during the training of machines and data transmission of machines.
D. Zero-Forcing Receiver
So far, we have only considered MRC, however, mMIMO provides another linear combining technique, zero-forcing (ZF), which aims to cancel interference between devices. In this part, we assume that ZF is utilized for humans while machines still employ MRC at the receiver and derive ergodic rate expression for the three schemes introduced in Section II-A.
Remark 2: It should be noted that the rate expressions of the machines are not affected by using ZF receiver for humans, hence the expressions given in previous sections are valid for machines.
During the training phase, humans utilize orthogonal pilots, and after de-spreading of the received composite signal, we have
Based on (63), the LMMSE estimate of device k iŝ
which is identical for all the schemes. The mean-square of the channel estimate is
Next, we investigate the achievable rates of humans under different schemes.
SC-1 :
The achievable rate of device k under SC-1 is
SC-2 : The achievable rate of device k under SC-2 is
SC-3 : In this scheme, the rate of the humans is given by
The rate expressions can be derived by replacing the terms, M in the coherent gain by M − K h , and replacing β k by β k (1 − γ k ) in the interference term for all k ∈ K h . This is analogous to how the expressions for ZF and MRC are related in [13, Section 3.2] .
E. Asymptotic Analysis
In order to gain further insights into the performance of the resource allocation schemes under a massive MIMO setup, the asymptotic limits of the rate expressions as M → ∞ are investigated in this section. The analysis reveals the limitations of the system due to the coherent interference.
Note that as M → ∞, the rate of humans, R k → ∞, ∀k ∈ K h in all of the schemes considered. This is to be expected as humans suffer no coherent interference thanks to the orthogonal pilots allocated for them. However, this is not the case for machines and the asymptotic limits are summarized as follows. Corollary 2: The achievable SINR for device k ∈ K m as M → ∞ is given by
for SC-1 and SC-2,
The proof follows from taking the limit in (52), (54) and (58). The asymptotic analysis shows that SC-1 and SC-2 are equivalent in terms of asymptotic SINR whereas in SC-3 machines suffer from additional coherent interference originating from humans. In both cases, the effective SINR increases with the pilot length of machines, which is not necessarily identical for each scheme.
V. NUMERICAL RESULTS
In this section, numerical results are presented for the schemes introduced in Section II and analyzed in Section IV. The simulation setup consists of a single cell where the humans and machines are uniformly and independently distributed. The simulation parameters are summarized in Table I . RPA. Among the schemes considered SC-2 provides the best rate as in this scheme all of the coherence intervals are utilized by the machines and there is no coherent interference originating from humans. Fig. 6 depicts the rate regions for the schemes described in Section IV for different pilot allocation methods. Here, R h and R m denotes the max-min rate for humans and machines respectively. The rate curves are obtained by maximizing the minimum rate with respect to the transmit powers and the machine pilot length N m p . This optimization problem is solved by formulating it as a geometric programming problem and using CVX to obtain the solution [27] .
The pilot length of humans is fixed at N h p = K h , which creates the difference between schemes when R h = 0. When there is only one type of active device in a given CI, i.e., either only humans or machines, SC-1 performs the best. However, for the cases where machines and humans coexist, allowing transmission from both results in a higher ergodic achievable rate as illustrated by the non-orthogonal SC-2 and SC-3. Each scheme shows significant improvements when the training is accomplished via WBE sequences compared to RPA. Among the non-orthogonal schemes, the new proposed SC-3 performs the best.
The impact of the number of antennas is illustrated in Fig. 7 . For this particular example, the training is carried out using WBE sequences at each of the cases considered. As M increases the non-orthogonal schemes (SC-2, SC-3) outperform orthogonal scheme (SC-1) due to two important reasons. First, the effect of the non-coherent interference between humans and machines decreases with M, effectively converging to the SINR in the orthogonal scheme as M → ∞.
Also, the pre-log factor becomes dominant with increasing M as the system starts to operate in the bandwidth limited region at higher M values contrary to lower M values in which the system is in the power limited region. The difference between SC-2 and SC-3 is due to the fact that once the machines are active in a CI, the humans have to wait for their training with SC-2 which degrades the performance of SC-2, especially at higher R h .
So far, we have assumed that machines are allocated non-orthogonal pilots. However, by scheduling active machines over multiple CIs, it is possible to allocate orthogonal pilots to each device in the system. Fig. 8 illustrates the rate regions obtained under an orthogonal The results reveals that non-orthogonal pilot allocation schemes, especially SC-3 performs better than OPA, except for a small region. However, it should be noted that in the simulations the overhead signaling cost required by the OPA due to scheduling is ignored. Fig. 9 illustrates the rate regions obtained for the three schemes when different receivers are utilized for humans. The ZF receiver has a better performance compared to MRC, under all of the considered schemes. This is to be expected, as using the ZF receiver, humans experience less interference from other humans and hence, can achieve the same spectral efficiency with smaller transmit powers compared to MRC. This in turn, decreases the total interference on machines and results in a higher capacity region for both humans and machines. Also note that among the schemes considered, SC-3 provides the best performance.
VI. CONCLUSION
In this work, we consider the problem of accommodating both MTC and HTC in a mMIMO system and proposed a novel resource allocation scheme along with the analysis of achievable 
